Large-scale online communities rely on computer-mediated communication between participants, enabling them to sustain interactions and exchange on a scale hitherto unknown. Yet, little research has focused on how these online communities sustain themselves and how their interactions are structured. In this paper, we theorize and empirically measure the network exchange patterns of long-duration sustainable online communities. We propose that participation dynamics follow specific forms of social exchange: direct reciprocity, indirect reciprocity, and preferential attachment. We integrate diverse findings about individual participation motivations by identifying how individual behavior manifests in network-level structures of online communities. We studied five online communities over 27 months and analyzed 38,483 interactions using exponential random graph (p*) models and mixed-effects ANCOVA analysis. In a test of competing models, we find that network exchange patterns in online community communication networks are characterized by direct reciprocity and indirect reciprocity patterns and, surprisingly, a tendency away from preferential attachment. Our findings undermine previous explanations that online exchange follows a power law distribution based on people wanting to connect to "popular" others in online communities. Our work contributes to theories of new organizational forms by identifying network exchange patterns that regulate participation and sustain online communities.
online exchange follows a power law distribution based on people wanting to connect to "popular" others in online communities. Finally, we find that all five online communities exhibit the same network exchange tendencies (direct and indirect reciprocity, tendency away from preferential attachment), but do so in a distinct constellation of magnitudes. This finding suggests the existence of community-specific social processes or norms that regulate participation dynamics. In summary, our work contributes to theories of new organizational forms by identifying network exchange patterns consistent with mass collaboration in sustainable online communities.
Theory
One stream of the early literature on online communities has emphasized the ability of the technology to sustain group sizes significantly larger than those possible when interactions take place under the same-place same-time constraint (e.g., Katz and Rice 2002, Wallace 1999) . A more nuanced understanding of online communities suggests they are both enabled and limited by technology. On one hand, asynchronous, text-based electronic communication (the technology used to enable most online communities) is characterized by low media richness; that is, a low ability to provide immediate feedback, or the situational cues (e.g., gender, physical attributes, organizational rank) and interactional cues (e.g., facial expression, voice intonation) necessary for multiplexed communication. As a result, the exchange of electronic messages may be inadequate for tasks requiring complex negotiation of meaning and reciprocal feedback (Sproull and Kiesler 1991) . On the other hand, a growing body of theory-building expands on early examples of electronic communication adaptation and transformation by users (e.g., Hiltz and Turoff 1993 , Majchrzak, Rice, Malhotra, King and Ba 2000 , Sudweeks, McLaughlin and Rafaeli 1998 . Virtual users may appropriate or adapt the technology in unexpected ways to meet their needs by developing novel ways to structure their interactions Poole 1994, Yates, Orlikowski and Okamura 1999) .
Thus, not only does technology change social interaction, but its impact is also significant enough to modify group processes (see Hinds and Kiesler 2002 for a recent review). Newcomers to online communities are more likely to continue participating if they receive a response to their initial post, irrespective of the quality and emotional tone of the response . New participants are more likely to receive replies if they ask questions that are on-topic and if they provide some information about themselves (Arguello, et al. 2006) . Further, the extent of anonymity in the online community appears to affect the kind of ties that people build online. Instead of attachment to specific individuals, anonymity fosters attachment to the online community (as a whole) and, in turn, supports norm sustenance (Ren, Kraut and Kiesler 2007) . Thus, along with the content of interactions, the communication patterns supported by communication norms in online communities play an important role in motivating participants and determining the long-term sustainability of online communities.
In face-to-face settings, researchers have identified a diverse set of motivations for both involvement in social groups and engagement in communities (Hesselbein 1998) . Unsurprisingly, the set of motivations for participation in online communities shares this diversity, however; it differs in content. (Preece 2000) . Existing studies offer conflicting explanations. Online community participants are sometimes motivated by self-interest, for example, seeking to enhance their reputation (Constant, Sproull and Kiesler 1996) or to gain other personal benefits (Fulk, Heino, Flanagin, Monge and Bar 2004, von Hippel and von Krogh 2003) . At other times participants act selflessly and appear motivated by altruism (Peddibhotla and Subramani 2007) . Sometimes participants identify closely with an online community, feeling an obligation to other community members (Wasko and Faraj 2000) . Other times, despite longterm affiliation with an online community, participants feel no obligation to other members (Preece, Nonnecke and Andrews 2004) .
We propose that large-scale sustainable online communities share similar network exchange patterns that transcend the diversity of individual motivations that bring participants to online communities. Whereas an individual-level perspective can answer the questions of why and when individuals are more or less likely to participate in online communities, our network-level approach can address how individual behaviors aggregate to form sustainable online communities. By taking a network perspective, we recognize that individuals are embedded in a web of relationships that are formed via repeated interaction over time in an online community. Studying the patterning of those interactions over time and across online communities provides a complementary perspective to previous studies that have prioritized individual motives and perspectives. Our use of network and social exchange theories are in line with calls to apply multilevel and network perspectives to new forms of organizing (Brass, Galaskiewicz, Greve and Tsai 2004, Contractor, Wasserman and Faust 2006) . By focusing on how individual behavior aggregates to create the network-level structures of online communities (rather than how individuals behave within the structure of online community networks) we hope to reconcile conflicting findings about individual participation motivations.
Social exchange from a network perspective
Online communities provide forums for information exchange in open communication networks.
Social exchange theory grew out of attempts to formalize the study of interpersonal relations and "social processes such as power and the exercise of influence…" (Cook and Rice 2001, p.699) . A key development in social exchange theory was the incorporation of a network perspective with the view that exchange relations form network structures (Cook and Rice 2001) . To develop a general "structural theory of power and dependence in networks" (Burke 1997, p. 134 ) network exchange theory complements social exchange theory through formal investigation of individual and group behaviors in resource networks.
Our perspective on online communities builds on the dual aspect of online interactions: they are social exchanges that take place between participants but they occur within a network context. Whether the resource exchanged be facts, know-how, answers to questions, or social niceties, the interactions are social in nature and thus, by definition, aim to influence others. Further, online community interactions take place within the context of a social network, which is both socially and historically constituted. The social aspect of the network is made even more salient by technological mediation of interaction: posts are visible to all other participants and are organized in discussion threads. Our view of online community interaction as social exchange embedded in communication networks draws on these complementary perspectives of network theories, social exchange and network exchange.
Social exchange theory both recognizes the importance of actions and interactions of individuals and provides a way of studying collective outcomes (Calhoun, Gerteis, Moody, Pfaff and VIrk 2002) .
Social exchange researchers have long recognized the utility of studying social exchange from a network perspective (e.g, Emerson 1972, Yamagishi and Cook 1988) . Developing as a parallel yet complementary research stream, network exchange theory has focused primarily on power issues, including the effects of both positive and negative sanctions within social structures (Cook and Rice 2001) . Network exchange theory has generated significant insight about how network positions allow access to more resources or positions of power. By focusing on exchange patterns among actors, one can develop a network representation of the evolving community structure. With a focus primarily on individual position in the network and availability of alternative ties among actors, network exchange theorists have used this approach to study the status and relative power of individuals in a network (Markovsky, Willer and Patton 1988 , Walker, et al. 2000 , Willer 1999 ). In the methods section, we describe how we similarly approach online community communication from a network perspective, and analyze the structural tendencies of those networks.
Exchange theorists have traditionally focused on lab experiments (Cook and Rice 2006) . Our research context is consistent with recent efforts to apply exchange theories to naturalistic settings. The underlying assumption of exchange theory is that individuals possess different levels of resources and have opportunity and motivation to exchange them (Monge and Contractor 2003) , a situation that accurately characterizes participants in online communities. Further, the analytical building blocks are social exchanges and resources, which correspond to electronic postings and to the information they provide, respectively. We draw on exchange theory to develop propositions regarding the collective outcomes embodied in network exchange patterns of online communities.
In applying exchange theory to online communities, where exchange is asynchronous, we expand the focus on power-oriented motivation favored in network exchange laboratory experiments. We view online community participants as motivated by a diversity of intrinsic and extrinsic motivations. The individual communication acts that come together to form an overall exchange may each be due to different motivations, and yet form consistent patterns. The power of our approach is its ability to rise above divergent findings regarding individual motivations. Although an individual may have different, potentially conflicting, propensities to act on selfless or selfish intrinsic motivations, exchange theory finds that when faced with similar structural constraints, individuals act-in aggregate, if not individually-in a consistent, predictable manner. For example, in an online community with a strong norm of direct reciprocity, responding to a participant increases the likelihood they will respond directly back. Thus, we argue that online communities comprised of individuals with conflicting motivations nonetheless manifest those motivations in consistent predictable network exchange patterns at an aggregate network level.
In this way, our research also shares the view of network theorists that consistent patterns are identifiable in networks. Importantly, though, our network exchange theoretical framework differs from the mechanistic empirically-oriented conceptualization in vogue among "new science of network" research dominated by physicists that posits human interaction networks as essentially similar to technical and physical networks in terms of distribution of ties (Barabasi 2002 , Newman, Barabasi and Watts 2006 . Our starting point is the recognition that a network is the result of continually enacted and reinforced patterns of action that are both defined by and define the behavior of their members. In a network, relational properties stand at the interstice between actors and should be studied at cross-level or multiple levels (Contractor, et al. 2006, Monge and Contractor 2003) . Recent organizational research on how preferences for certain forms of social exchanges affect individual identity orientation (Flynn 2005) and on the network roles of leaders in open innovation communities (Fleming and Waguespack 2007) confirms the power of such socially-aware network analysis.
Exploration of network exchange patterns
In this study, our outcome of interest is the presence (or absence) of structural network exchange patterns as well as their relative magnitude and similarity when comparing online communities to each other. Due to our interest in such structures, we focus our theoretical arguments and empirical measures at the network level, not the individual level. Egocentric and individual-oriented measures such as centrality, closeness and structural holes are not consistent with our network-level focus. We seek to understand how the individual actions aggregate and manifest in network-level patterns, not how individual-level network position helps or hinders individual action.
One of the core concepts of network exchange theories (Kilduff, et al. 2006, Molm, Collett and Schaeffer 2007) is the primacy of reciprocation (be it direct reciprocity or indirect reciprocity). Indirect reciprocity (Flynn 2005) , also known as generalized reciprocity (Putnam 2000) , is a communication pattern characterized by indirect chains of communication that support generalized exchange (Mashima and Takahashi 2007) . The preferential attachment pattern reflects a concentration of communication.
Expressed positively, it is popularly referred to as a Matthew Effect where the rich get richer. Preferential attachment is an important network mechanism by which the choices of early entrants in a network may influence those of later entrants Albert 1999, Shapiro and Varian 1999) . (Flynn 2005) . Preferential attachment has been a focus of recent network research (c.f., Newman 2003) and represents a complementary logic to reciprocity (Kadushin 2005) . These three exchange patterns that can be used to characterize any communication network (Monge and Contractor 2003) . Despite related research regarding communication networks (e.g., Rice and Aydin 1991, Rice 1982) , these theoretically important exchange patterns remain understudied in online communities. Figure 1 provides a graphical depiction of these network exchange patterns. We discuss these in further detail below.
A network exchange framework of online community structure Online community participation is a social phenomenon, and as in any endeavor governed by human behavioral patterns, we expect participants in online communities to exhibit non-random, intentional communication choices. We make no assumptions as to why a participant chooses to engage in a direct communication with another participant. It may be for self-interest or selfless (altruistic) reasons. Previous research has found that individuals provide knowledge in online communities because they want to interact with like others and to exchange knowledge (Kankanhalli, et al. 2005, Wasko and functional role (Ahuja, et al. 2003), self-interest (von Hippel and von Krogh 2003) , boundary spanning roles (Fleming and Waguespack 2007) , trust (Jarvenpaa and Leidner 1999) , and reputation (Constant, et al. 1996 ). An initial non-random communication is a starting point for more complex and interesting structural network tendencies. Of greater theoretical interest are the exchange patterns conditioned upon this simple interaction. We move next to the discussion of direct reciprocity, indirect reciprocity and preferential attachment.
Social exchange theories stress the importance of reciprocity. Reciprocity is crucial for all exchanges because humans keep score, assign meaning to exchanges, and change their subsequent interactions based on a reciprocity balance (Ekeh 1974) . In organizations, individuals that provide knowledge help can count on their own help requests to be answered by those who have been helped (Cross and Sproull 2004) . Because knowledge work relies on joint problem solving and sensemaking, providing help to others may be a valuable investment in meeting one's own future help needs (c.f. Brown and Duguid 2001) . In a careful empirical study of knowledge exchange in two online groups, Fulk et al. (2004) found that those individuals providing help strongly expected that their help would be returned. Indeed, Rice (1982) also found support for direct reciprocity in a study of 24 months of computer conference system use among 10 groups involving over 87,000 total network links.
If resources (for example, in the form of knowledge) are distributed among community participants, then the process of exchanging those resources will give rise to differentiated obligations as well as create a gradation of status and power (Emerson 1972) . As Coleman (1990) notes, performing favors for friends creates an obligation that is callable at an unstipulated time. The process of exchange begins without any assurance that a provision of resources will be reciprocated. But any help provision (or other social exchange) reinforces the invisible gift exchange scorecard that is the basis for solidarity and social support (Coleman 1990 , Putnam 2000 . Thus, we suggest the following proposition:
P1: online communities demonstrate a structural network tendency toward direct reciprocity.
Indirect reciprocity offers an alternative logic for the sustenance of online communities. Indirect reciprocity occurs when one's giving is not reciprocated directly by the recipient, but indirectly by a third party (Ekeh 1974 , Takahashi 2000 . For example, individual A posts a message that is responded to by individual B. Rather than responding directly back to individual B, A in turn responds to a message posted by individual C. Compared to directly reciprocated exchanges that are characterized by selfinterest or role-oriented behavior (Flynn 2005) , indirectly reciprocated exchanges "are characterized by reduced emotional tension, a credit mentality, actors with a more collective orientation, and high levels of trust and solidarity" (Molm, et al. 2007: 208) . Indirect reciprocity has consistently been linked to social solidarity, trust, and norms of sharing and helping. (Coleman 1990 , Ekeh 1974 . Thus, indirect reciprocity is about returning an exchange (e.g., a gift, kindness, or communication), but not to the original provider. Each contribution to an individual stimulates greater general contribution to the whole. Flynn (2005) theorized that people with collective identity orientation express a preference for indirectly reciprocated exchange over direct exchange. One reason for the development of generalized, indirectly reciprocated exchange is that complex knowledge is distributed and emergent, the individual that was previously helped may not be the one able to formulate an effective answer. The operation of a system of indirect reciprocity requires a collective orientation, norms of unilateral giving, and concern toward the well-being of others (Bearman 1997, Yamagishi and Cook 1993) .
Indirect reciprocity is likely to develop in online communities for a number of reasons. First, knowledge is distributed and expertise uneven. For example, if A (an expert) helps B (a novice), then it is not clear that B can return the favor when A posts a question no matter how willing they may be to oblige.
Second, because the virtual interaction or help provision is visible to all, everyone has a chance to note the contribution and thus may be more willing to help in turn (Rheingold 1993, Wasko and Faraj 2000) .
Third, many online communities develop social solidarity and strong norms of helping others (Katz and Rice 2002) . For example, advice giving and receiving on a corporate technical online community were found to be unaffected either by previous ties or by similarity between participants (Constant, et al. 1996) .
Finally, the presence of indirect reciprocity patterns may be a key reason for online community sustenance. In one of the first empirical studies of a large number of virtual posters, Joyce and Kraut (2006) , found that new participants who received replies to their original posts were more likely to continue participating in the online community. In summary, indirect reciprocity is likely to be an important characteristic of online community exchanges. Thus, we propose:
P2: online communities demonstrate a structural network tendency toward indirect reciprocity.
In contrast to reciprocity, where interactions are based on returning exchange (either directly or indirectly), preferential attachment occurs in a network when new actors choose to interact with already well connected others over more typical others. Preferential attachment has increasingly been recognized as an important explanation for why the distribution of inter-organizational and organizational ties follows a power law distribution (Baum and McKelvey 2006) . The preferential attachment framework has been refined and used to explain network development in a variety of economic, engineering, and social settings (see Watts 2004 for a review). In the video game industry, developers strategically align themselves with popular gaming platforms (Venkatraman and Lee 2004) . Economists use the language of network externalities and positive feedback to explain how a few economic actors become dominant in network product industries (e.g., Shapiro and Varian 1999) .
The preferential attachment mechanism is consistent with characteristics of online communities.
First, one motivation identified for online community participation is to improve reputation (Constant, et al. 1996, Wasko and Faraj 2000) . Second, in many online communities participants can readily assess the relative characteristics of existing participants. For example, in the online communities in this study, a summary participant profile appears (next to each posted message) showing the number of previous messages posted. Third, preferential attachment assumes a shared sense of who the most desirable partners for interaction are. This sense of shared preferences is consistent with collective identity and shared interests in online communities (Postmes, Spears and Lea 2000, Preece 2000) and reinforced by the ability to read previous communication between online community members.
Network newcomers often choose to attach to other people (or network nodes) that offer the most resources. Merton (1968) referred to the Matthew effect to explain how material and symbolic rewards tend to accrue to already famous scientists. In open source software development, an individual goal may be to interact with influential others (Kuk 2006) . In a longitudinal study of an online innovation network, those who occupy brokerage and boundary-spanning positions were shown to benefit from their network position (Fleming and Waguespack 2007) . Recent investigations of international scientific collaboration (Wagner and Leydesdorff 2005) and the makeup of creative teams (Barabasi 2005 ) are based on a preferential attachment argument. In summary, for a social setting such as online interaction, the implication is that individuals prefer to initiate communication with those members that are highly active and visibly well connected. Thus we propose,
P3: online communities demonstrate a structural network tendency toward preferential attachment.
Variation in online community exchange patterns
Thus far, we have proposed that online communities share common network exchange patternsthat is, direct and indirect reciprocity, and preferential attachment. If, as proposed, there exists a consistent set of network exchange patterns across online communities, it raises a related question: do online community interactions differ markedly from one online community to another? There are two major reasons to expect a large-scale sustainable online community to converge around an onlinecommunity specific norm of interaction. First, online communities differentiate themselves based on topic and the kind of members they attract. The individual participants in an online community represent a unique combination of participation motivations and online community identification that will be expressed in a distinctive combination of direct reciprocity, indirect reciprocity, and preferential attachment. Second, in online communities, just like other groups, repeated interactions are likely to give rise to norms and consistent patterns of interaction over time (Flynn 2005) . Depending on the extent to which members identify with the online community or bond with specific other members, the norms of interaction will be unique for each online community (Ren, et al. 2007 ). Indeed, based on observations of participants in 27 different online communities, Ridings and Gefen (2004) found that individuals provided different reasons for joining different communities and had an awareness of each community's norms. Likewise, in a study of a work-related online community, Vaast (2007) found that group interactions reflected existing organizational arrangements and role positions.
Given the importance of group norms in dictating the expectations of member behaviors in any social system (Coleman 1990 ) -and, in light of differences between online communities' topic, membership, and history-we expect to see unique interaction dynamics. With the voluntary nature of participation and the ease with which members can move to other online communities, norm maintenance is a crucial aspect of online community management (Preece 2000) . Just like in face to face settings, norms are most likely to be enforced when (a) the norm facilitates group survival, (b) the norm makes behavior more predictable (it simplifies behavioral expectations), (c) the norm helps avoid group member embarrassment, or (d) the norm is central to the group's identity (Feldman 1984) . As the principal activity of online communities, communication meets these conditions. Several empirical studies covering a variety of settings offer evidence of the existence of norms in online communities (Shah 2006 , Wasko and Faraj 2000 , Wellman and Gulia 1999 . Recent research on the importance of identity and bonds in virtual settings indicates that members are likely to develop a growing sense of togetherness that may translate into consistent patterns of interaction (Postmes, et al. 2000 , Ren, et al. 2007 ). In summary, we expect online communities to be characterized by network exchange patterns that are consistent within online communities yet differ across online communities. Thus we propose: 
Methods
To test the propositions introduced above, we collected data from multiple asynchronous webbased threaded discussion groups. Specifically, we collected all publicly available communication between online community members in three month time periods from five non-overlapping time periods (covering a total of 27 months). To test the first three propositions, we used exponential random graph (p*) model analysis of communication networks. Due to space limitations, we present detailed results for P1, P2 and P3 for only a single three-month period.
2 To test the final proposition, we supplemented the exponential random graph model results with additional social network analysis measures (number of nodes and number of links) and ran an ANCOVA analysis to further identify similarities in exchange patterns among online communities.
Sample
We collected data from five online communities covering similar topics and using similar technology. We used several selection criteria in order to select domain-relevant online communities and We used a multi-stage process to identify these five vBulletin message boards. In the first stage,
we identified a list of thousands of web sites that might be vBulletin message boards. This list came from three sources: the 383 largest vBulletin message boards (as compiled by bigboards.com), web sites returned by a Yahoo! search for "Powered by vBulletin," and URLs harvested via an automated agent from user profiles at the vBulletin customer support message board.
In the second stage, using a second automated agent we identified which URLs were indeed vBulletin websites and, further, supported open data access. In the third stage, through a visit to each of the resulting 1,643 unique URLs, we identified the primary content type of each web message board.
Ultimately, there were 14 sites that were technology-related, had been in active sustained existence for more than 27 months, retained full message history, had at least 1,200 registered users, and had a standard configuration including major vBulletin features (namely, the ability to view single messages and to view member profiles). Of those, we randomly chose the five included in this study. Table 1 provides descriptive statistics for these five online communities. 
Communication network formation
We collected data from five non-overlapping, non-contiguous three-month time periods for each community. The five observation periods were: 7/1/03 to 9/30/03, 1/1/04 to 3/31/04, 7/1/04 to 9/30/04, Finally, we chose a three-month study period to balance the need for a large enough data set to identify persistent patterns with a short enough period to minimize exogenous factors.
Analysis approach
We used exponential random graph (p*) model analysis to test P1-P3 regarding structural network tendencies. Exponential random graph (p*) models provide a statistical test of the likelihood that an observed network, as compared to random networks of a similar size, exhibits specific characteristics (Robins, Pattison, Kalish and Lusher 2006, Wasserman and Pattison 1996) . It is based on a census of dyadic and triadic patterns in a directed network. For example, a dyad census provides a count of each of the three possible types of dyadic relationships in a directed network: null relationships, unreciprocated relationships, and reciprocated relationships. Consider two networks (P and Q) with the same number of nodes. If network P has ten times more relationships than network Q (that is, network P is much denser), it is likely to have a higher percentage of directly reciprocated relationships. Exponential random graph models provide a statistical test of the likelihood that a network is characterized by a non-random tendency towards direct reciprocity (or other network properties) compared to their natural occurrence in a network of the same size (see Crouch and Wasserman 1998, Monge and Contractor 2003 Because p* analysis is relatively novel, a description of the analysis steps is in order. We start with a p* model that includes all of the parameters (non-random, direct reciprocity, indirect reciprocity, preferential attachment). We then remove one parameter in turn to develop comparison models. A statistically significant decrease in the -2LL badness of fit measure (as measured by the χ 2 distribution) provides evidence that the network exhibits those tendencies. 4 For models that show a significant drop in the -2LL, an additional step is required to interpret the nature of the relationship. Interpretation of the values of B and Exp(B) provides further information about the direction and magnitude of the effect.
Much as the drop in -2LL is analogous to an increase in R 2 for a linear regression model, the value of B is analogous to the predictor variable coefficient. The sign (positive or negative) of the B variable is a measure of the direction of the observed effect. The value of Exp(B) can be interpreted as the increased 3 All of our p* models included a non-random parameter which establishes that network interaction is not random. For the sake of brevity we do not report this parameter in our results. 4 A χ 2 change of 3.84 between models is significant at p < .05; a change of 6.63 is significant at p < .01 and a change of 10.83 is significant at p < .001.
likelihood that a tie of that type exists. For example, for a direct reciprocity model, if Exp(B) equals 2, the interpretation is that reciprocal ties are twice as likely to be formed as random formation would suggest.
A value of exactly 1.0 for Exp(B) is consistent with a parameter that has no effect on the overall likelihood of tie creation.
Mixed effect ANCOVA analysis to test online community differences
To test if network exchange patterns differ markedly from one online community to another (P4)
we relied on mixed effect ANCOVA analysis. For each of the five online communities we used the three measures of network structure calculated for the tests of P1-P3. We used the calculated B parameters for direct reciprocity, indirect reciprocity, and preferential attachment for all five networks for all five study periods (a total of 25 communication networks). We used a mixed-effect ANCOVA model to analyze the impact of online community source for these three network measures, controlling for effects of data collection time period and differences in network sizes. The analysis of covariance class (ANCOVA) partitions overall variance observed in a sample into the effects of multiple unique factors while also accounting for co-variates. ANCOVA is a powerful tool for testing for statistically significant differences among nonequivalent groups (Pedhazur and Schmelkin 1991) .
In this case, a mixed-effect model is appropriate, as there are both random and fixed factors. The online community the data was collected from is considered a random effect as the range of effects of online community membership is unknown and these online communities were randomly selected from a larger population. The first control variable is the data collection time period. Time period is a fixed effect, as the time periods are of fixed duration and spacing. Finally, to account for the effect of network size, which could affect variance allocation, we included two measures of network size (number of nodes and number of links) in the model. For each of these dependent variables we performed a mixed-effects ANCOVA with four parameters: the online community (1 to 5), the data collection time period (1 to 5), the number of nodes, and the number of links. Finally, as a diagnostic in addition to the mixed-effects
ANCOVA analysis, we also tested an auto-correlation function (Box and Jenkins 1976) to test for serial correlation across the data collection time periods. The auto-correlation and partial auto-correlation functions provided no evidence of time-lagged values being serially correlated.
Results
To test our first three propositions, we used a nested series of p* analyses to test for the proclivity of members to engage in direct reciprocity, indirect reciprocity, and preferential attachment network exchange patterns. Because our analysis compares nested models, the order of parameter entry may matter in p* analyses. Just like in regression, the variable that is entered in the model first changes the apportioning of the variance. For example, should the model include preferential attachment first before entering indirect reciprocity or vice versa? Rather than attempting to justify a certain order of entry based on tentative theoretical grounds, we chose to run all various permutations of entered variables and selected the "best" partial model to compare with the full model. Thus, the analysis ensures against any order of entry effects and provides a higher degree of evidence. Table 2 shows the goodness of fit (-2LL) for three permutations of three-parameter models (models 1-3) and compares them against a full model (Model 4, containing four exchange patterns as parameters). We also provide more specific parameter-level results in Table 3 which lists the B and Exp(B) values for each network mechanism. The results were generated using MultiNet 4.55 Seary 2004, Seary and Richards 2000) , a network analysis tool that includes a p* model designed for large sparse matrices such as ours. The direction and statistical significance of the direct reciprocity parameters in Table 3 further support the proposition: all five networks demonstrate a statistically significant (p < 0.01) tendency towards direct reciprocity. Additionally, the significance levels for the parameter estimates are consistent (p < 0.01) in all five observed time periods for all five networks.
To test the second proposition (indirect reciprocity) we compared the results of Model 2 to Model 4 in Table 2 supports the conclusion that these networks demonstrate a tendency regarding preferential attachment. As shown in Table 3 , however, the negative sign of the preferential attachment coefficient provides evidence that this tendency exists in these networks in the opposite direction as proposed. 5 Additionally, for three of the five networks the parameter estimates for preferential attachment are significant at p<0.001 for all five time periods. For the two remaining networks they are significant at p<0.05 for four of the five time periods.
Results for online community differences Table 4 provides the ANCOVA analysis used to formally test proposition P4 regarding similarity of exchange patterns across online communities. The analysis offers a stronger omnibus test of how much variance is explained by online community differences after accounting for time period and network size.
5 For four of the five networks the estimated parameter for preferential attachment was negative in all five time periods; for the fifth network it was negative for three of the five observed time periods.
Each table column provides results for one of the five different mixed-effects ANCOVA models (each with a different network structural measure as DV). We interpret the results as follows: the table shows that controlling for observation time period and changes in network size (measured as both the number of nodes and the number of links), Online
Community is a statistically significant predicator of the magnitude of the parameter estimates in all three ANCOVA analyses. The effect size η p 2 is also consistently larger for Online Community than any other variable. Thus, as proposed in P4 the online community effect is strong and significant. In total, the results from this 27 month analysis provide empirical support that these five online communities have distinctive community-specific levels for all three measures of network exchange patterns. (We also tested for and found no patterns of convergence or evolution over time within each online community.)
We can further view the relationships between p* parameter estimates for each of the online communities in a multivariate manner. Figure 2 is a three-dimensional scatter plot with the parameter estimate for indirect reciprocity as the X-axis, preferential attachment as the Y-axis, and direct reciprocity as the Z-axis. Of the twenty-five data points, there are five per each online community (one for each online community for each time period). Data points for the same online community are represented with the same shading and symbol. In the scatter plot it can be seen that there is a strong tendency for data points from the same online community to appear in close proximity in the three-dimensional space. For all online communities at least four of the five data points (if not all five) are grouped closely together.
Figure 2: Parameter Estimates by Online Community
As an additional method for exploring the differences between online communities, we also present visual network representations. The networks are ordered from smallest average size (PRES, at top) to largest average size (PFLW, at bottom). The network diagrams show a consistent pattern: diagrams of networks from the same online community (those in the same row) are more similar to one another than they are to networks from other online communities (networks shown in other rows). This is consistent with proposition P4 that online communities demonstrate unique network exchange patterns. 
Sensitivity analysis
We performed additional analyses to test the sensitivity of the results of P1-P3 to the length of the data collection period. This kind of analysis may be useful for novel network techniques such as p* to improve confidence in the results. We found that our results remained substantially unchanged for data collection periods covering one, two, three, and four months. We found that the same models-those with tendencies regarding direct reciprocity, indirect reciprocity and preferential attachment-remained the best fitting models. Likewise, we found that the sign of the parameters estimates for each exchange pattern remained consistent with presented results. Predictably, as shorter time periods result in smaller networks (and, therefore, less statistical power), some of the parameter estimates and some of the model improvements were not found to be significant to the same statistical level for shorter periods. By demonstrating the robustness of network exchange patterns within online communities, the results of the sensitivity analysis also provide greater confidence in the test of P4 regarding differences between online communities.
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Discussion
By studying network exchange patterns on five technology-focused online communities, this study explored the nature of interaction in large-scale online communities. Until recently, little was known about such network-level interaction dynamics. We applied theories and methods of network analysis, social exchange, and network exchange to investigate how individual behavior manifests in exchange patterns in online community communication networks. We theorized and empirically measured the network exchange patterns characterizing sustainable online communities. We proposed and tested for the existence of tendencies for direct reciprocity, indirect reciprocity, and preferential attachment. We found consistent results across five independent online communities during 27 months of data observation encompassing 38,483 interactions between 7,329 individuals. Our principal results
indicate that the pattern of ties is consistent with norms of direct reciprocity and indirect reciprocity, and a tendency away from preferential attachment. The absence of a positive preferential attachment tendency in these online communities undermines previous assertions that power law distributions in online communities are due to preferential attachment motivations. 7 Finally, we find that all five online communities exhibit the same network exchange tendencies (direct and indirect reciprocity, a tendency away from preferential attachment), but do so in a distinct constellation of magnitudes.
Our study's primary contribution is to theorize and investigate multiple models of online community interactions. Surprisingly, contrary to widely cited models of large scale social networks (Barabasi 2002 , Newman 2003 , we found not only a lack of evidence for preferential attachment, but rather a disinclination towards preferential attachment after accounting for direct reciprocity and indirect reciprocity. The disinclination towards preferential attachment suggests a preference for novelty in choice of communication partners that is consistent with a norm of welcoming behavior towards new participants. One possible explanation is that online communities as social communication networks differ from physical and technological networks (e.g., the electric grid and the Internet) studied by many network researchers. It is also possible that our purposeful selection of sustained technology-oriented online communities represents a unique sample, and that either less successful online communities or ones with other topic orientations would differ. Nonetheless, our findings are consistent with a simulated model of online community formation that found the presence of preferential attachment is not required to generate power law distributions (Johnson and Faraj 2005) . Overall, the results of our study do indeed 7 For each of the 25 communication networks measured in this study, the distribution of in-degree follows a power law distribution (average k = 1.57, R-squared = 0.94).
bring into question the applicability of simplistic preferential attachment models of network evolution (Barabasi and Albert 1999) to this setting.
Also, whereas direct reciprocity and indirect reciprocity have been previously theorized to be alternative logics for network exchange, we demonstrate their coexistence. By testing and extending network models of social exchange, we are able to generate a keener insight regarding online community dynamics and to augment social relational explanations underlying online communities. While we could not directly measure the attitudes of participants toward the community, the link between reciprocity in social interactions and theories of social capital and social solidarity is well established in the literature (see Coleman 1990 , Molm, et al. 2007 ). Thus our findings bolster the findings of previous studies that developed collective action (Fulk, et al. 2004 ) and social capital (Wasko and Faraj 2000) explanations of virtual social interactions (see Heinz and Rice 2009) . Indeed, several studies that focus on understanding why actors contribute knowledge and help unknown others online have consistently shown the importance of social explanations such as: organizational citizenship (Constant, et al. 1996) , expectations of future help (Lakhani and von Hippel 2003) , and expectations of reciprocity (Shah 2006 ).
More recently, our understanding of online community interactions has deepened with the recognition that participation is unevenly distributed and that a core subset of actors plays a key role in sustaining the group (Jones, et al. 2004 , Kuk 2006 . In a study of online communication networks formed by online auction participants, Flanagin (2007) found that diversity of motivations (utilitarian and statusoriented) were associated with uneven distribution of contributions. Our findings of strong support for reciprocity in open membership, technically oriented communities may not hold in other types of forums.
For example, innovative users on a firm-hosted and product-focused forum were more interested in firm recognition compared to peer recognition and reciprocity by peers (Jeppesen and Frederiksen 2006) .
Similarly, a study of high contributors of reviews on Amazon found them to be less driven by otherorientation (Peddibhotla and Subramani 2007) . On a legal forum, the expert posters had little expectation of their actions being reciprocated (Wasko and Faraj 2005) . Such emergent findings seem to indicate that online communities where reputational factors are key or where a firm plays a focal role are likely to be characterized by a more utilitarian interaction dynamic. The conditions under which the norms of direct and indirect reciprocity stop holding in online communities is an open research question.
Another major finding was that although these online communities exhibit the same network exchange tendencies (direct and indirect reciprocity, a tendency away from preferential attachment), they each do so in a distinct constellation of magnitudes. These results indirectly support the contention that community-structuring processes may be at play or that norms are present. More importantly, the clear differences across online communities bring to the fore the importance of social context in studying interactions. This finding points to the need to stop viewing online communities as an archetype and to pay more attention to online community characteristics (see Porter 2004) . Recent research has noted that individual motivations (Ridings and Gefen 2004) and communication network structures (Fisher, Smith and Welser 2006) differ based on online community topic. Future research may benefit from ceasing to conflate similarities among online communities and more carefully evaluating the specific context of each online community. Indeed, even though our online communities share the same topic (technology) and technology platform (vBulletin) they still demonstrate measurable community-specific differences.
This finding raises a further puzzle: how do online communities maintain consistent interaction patterns over time when many online communities have high turnover rates? Because our study is focused at a network level of analysis, we cannot offer a specific theoretical explanation as to how these online communities sustain their consistent patterns of interaction. However, our results are consistent with social explanations from identity and bond theories (Ren, et al. 2007 ) and other suggestions that norms and obligations (Shah 2006, Wasko and Faraj 2000) are reasons for online community sustainability.
While it was outside the scope of this study to explore how and when online communities develop groupspecific communication patterns, researchers may want to focus on how these interaction patterns or norms emerge or evolve over a community's lifecycle.
Finally, by looking at online communities at a group rather than individual level, this study confirms the benefit of investigating the connections in addition to the attributes of interacting people. We have established that online communities develop specific patterns of interaction (e.g., direct and indirect reciprocity) that seem to be consistently present over time and across communities. These patterns are present in spite of the variety of motivations driving individual actors-a diversity of motivations that much of the extant literature has remained focused on identifying. Further, by investigating interactions at the network level rather than at an egocentric level, we go beyond previous network studies that focused on the relative advantages of networks with closure versus networks with structural holes (Brass, et al. 2004 ). Watts (1999) has noted that any actual network study is a compromise between different possible ways to study the network. Future research is likely to augment our findings by exploring online community structure in different ways than offered here.
The research reported here has clear limitations that need to be addressed in future work. First, the theoretical insight about the nature of information exchanges in online communities is based on an investigation of only five technology-focused, relatively large, sustained online communities, and thus may be limited. Because our primary goal was to analyze interactions in online-communities focused on knowledge-rich practices, we consciously chose to restrict our sample to well-established technologyoriented communities. Therefore, there is an inevitable tradeoff between sample breadth and analysis depth. Future work is needed to ascertain how these findings generalize to a more diverse set of online communities in terms of topics, size, and stage in online community life cycle. While our results should extend to similar technology-oriented online communities, such as open source and technology support, the large variation in types of online communities (Porter 2004) generates the need to clarify boundary conditions for online community research.
Second, our study simultaneously gained focus and was limited by the primacy of network ties.
While we gained clarity about the nature of the network-level interactions, we could not address interesting questions about the kind of individuals that are more highly connected and whether certain of their attributes (e.g. role or motivation) drive their online activity. For example, interaction patterns may differ systematically between core and peripheral community members. Applying additional research methods, such as participant surveys and content analysis, would provide greater understanding into variations among network exchange patterns and participant experiences in an online community. Finally, our cross-sectional comparison of networks is relatively static and allows little theorizing as to how these networks came to be and what factors affect their evolution. Yet, the similarity of our findings across five different networks and the duration of observation (over 27 months) partially mitigates this concern by demonstrating consistency in our findings.
In conclusion, this study applies theories of network research, social exchange, and network exchange to investigate how individual behavior manifests in exchange patterns in online community communication networks. We find that network exchange patterns in online communities are characterized by direct reciprocity, indirect reciprocity, and an inclination away from preferential attachment patterns. This calls into question previous assumptions that skewed distributions of online participation are due to a desire to connect with the most popular participants in online settings. Our findings shed light on how diverse individual-level motivations may manifest in similar network exchange patterns across online communities, yet demonstrate online community-specific magnitudes within online communities. As new organizational forms evolve, both individuals and organizations are adapting to new ways of organizing and working that are highly dependent on electronic knowledge exchange. Studies are needed that investigate how online communities are structured and how large-scale interaction patterns can inform theories of mass collaboration and knowledge exchange. By combining network analysis techniques with theories of online communities, this study is an important step in that direction.
